Accurate and reliable state of charge (SOC) estimation is a key enabling technique for large format lithium-ion battery pack due to its vital role in battery safety and effective management. This paper tries to make three contributions to existing literatures through robust algorithms. (1) Observer based SOC estimation error model is established, where the crucial parameters on SOC estimation accuracy are determined by quantitative analysis, being a basis for parameters update. (2) The estimation method for a battery pack in which the inconsistency of cells is taken into consideration is proposed, ensuring all batteries' SOC ranging from 0 to 1, effectively avoiding the battery overcharged/overdischarged. Online estimation of the parameters is also presented in this paper. (3) The SOC estimation accuracy of the battery pack is verified using the hardware-in-loop simulation platform. The experimental results at various dynamic test conditions, temperatures, and initial SOC difference between two cells demonstrate the efficacy of the proposed method.
Introduction
As one of the most important performance parameters of traction batteries, real-time SOC estimation of battery becomes necessary in the field of application of batterydriven electric vehicles. Commonly used SOC estimation methods for single battery are as follows [1, 2] : ampere hour integration method; open circuit voltage method using the corresponding relation between the open circuit voltage and SOC; the algorithm based on electric circuit models or electrochemical models and the typical methods which are Kalman filters and methods based on some observer; estimation using fuzzy logic or methods of machine learning. Since the dynamic battery shows high nonlinearity, these mentioned methods have their own defects: ampere hour integration method has to know the exact SOC initial value and can bring accumulative error; the open circuit voltage scheme has strict requirements on measuring conditions and update of OCV curves can be a difficult task, and it is therefore not suitable for electric vehicle during driving and would better be used as auxiliary correction means; the accuracy of estimation method based on circuit model depends on the model parameters; however, adaptation of the model parameters over the battery lifetime to any given battery aging state or environment requires relatively complex algorithms and is practical for only quite simple models. Some researches based on Kalman filter have achieved online estimation [2] [3] [4] , but online realization is at the expense of additional computing power and its robustness needs to be concerned; the electrochemical method cannot be applied into operation due to the complexity of the model itself [5] ; fuzzy control or vector machine algorithm requires a large number of sample data to train the model and also is no longer applicable for aged battery [6] .
A large number of batteries are connected in series and parallels when used in electric vehicles to reach the corresponding level of voltage, power, and energy [3] . Therefore, accurate estimation of state of charge for a battery pack is remaining challenging. Typical SOC calculation method for battery packs [7] [8] [9] [10] takes the group as a large battery and then applies one of the methods described in previous sections, while inconsistent characteristics of cell capacity and resistance cannot be ignored or lead to low management efficiency. Some methods calculate the mean SOC of a battery pack based on mean model or difference model considering cells discordance [8, [11] [12] [13] ; others estimate the SOC of every cell in battery pack using common calculation methods and then obtain the pack SOC [7, 14] . From the above references, methods considering multiple cells are more reliable for battery pack SOC estimation. However, in practical application of pack SOC estimation, the operation conditions, measurement accuracy, and computation of the algorithm need to be considered in integration. A key contribution of this paper is solving problems in practical application of SOC estimation. In the paper, SOC estimation error model is established, where the crucial parameters on SOC estimation accuracy are determined by quantitative analysis. Battery pack SOC estimation method considered cell inconsistency is on the basis of cell SOC. And single cell SOC is estimated through PI observer combined ampere hour integration method. Also, online identification of the model parameters can make sure of the applicability of the algorithm under different operating conditions during the battery life cycle. In addition, a hardware-in-loop platform is built to fulfill real-time estimation. The verification results of the two series-connected battery packs under different circumstances indicate that this method has a high accuracy and achieves better convergence and stability.
The remainder of this paper is organized as follows: Section 2 analyzes the SOC estimation error theoretically. Section 3 builds series-connected battery pack model, gives the SOC definition, and describes online model parameters update. Our validation results and discussions for different cases of battery pack are presented in Section 4. Section 5 summarizes the conclusions of the paper.
Sensitivity Analysis of SOC Estimation

The Proposed SOC Definition for a Battery Pack.
For series-connected battery packs, we adopt the model presented in Figure 1 , which is a group model connected with many first-order Thevenin models in series. The definition for SOC of battery strings is given in formula (1), where max denotes the maximum available capacity of the pack and rem denotes residual capacity, namely, the maximum discharge capacity for the group. As long as we know SOC value and the maximum available capacity of each cell in packs, group SOC will be achieved. Through the proposed SOC pack model, battery pack SOC estimation with inconsistency among cells can be considered on the one hand; on the other hand, as long as the group SOC, namely, SOC , ranges from 0% to 100%, all single cell SOC will change in the range of 0% to 100%. Thus overcharging or overdischarging for the battery can be effectively avoided, and it also can provide data support and ensure secure use of the battery pack:
(1)
SOC Estimation Error
Modeling. Based on the definition of SOC for battery strings in Section 2.1, error of group SOC comes from single cell SOC error. Therefore, error analysis in this part aims for single cells. When the battery is in a different environment or state, the model parameters are also not the same. Through analyzing impact factors of SOC estimation error and influencing degree of each impact factor, SOC estimation accuracy can be improved effectively. Consequently, SOC estimation error formula is deduced mathematically based on the first-order Thevenin battery model [15, 16] . In 
The SOC error matrix can be expanded as follows:
Equation (6) can be simplified to the following form:
The corresponding solution to the equation is as follows:
When = 0, assuming that current is zero, the open circuit voltage estimation error is zero; then = SOC (0). In conclusion, SOC error equation may be obtained as follows:
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it will get small as time goes by and tend to zero gradually after 360 s (6 min), while the value of SOC decreases only about 1.4% during this period of time. Transient error can be ignored considering the actual application and the analysis. And the example for transient error will be displayed in Figure 1 .
On the other hand, from the expression of the steadystate error can we see that SOC estimation error is brought by the error of capacity, total internal resistance, and OCV. The variable SOC 2 is expressed in (10) and according to the actual simulation data, the sensitivity of each factor for SOC estimation will be analyzed furtherly. Consider
2.3. Quantified Analysis. The SOC estimation error is divided into transient and steady-state error from the analysis in Section 2.2 and both will be discussed, respectively. Equation (11) is used to calculate and analyze transient SOC error, where resistance , capacitance , observer coefficient 2 , and input current are all based on the simulation value or test data and they are assigned the value of 0.6 milliohms, 80000 F, 10, and DST operating current condition, respectively, in this case. SOC transient error calculation results are presented in Figure 2 , in which the black line represents the SOC transient error with 2% polarization resistance and capacitance error while the red line is on behalf of SOC transient error of 5% polarization resistance and capacitance error; that is, the values of and are assigned to 1.02 , 1.02 /1.05 , 1.05 . Although the initial SOC transient error is large, it will hold the tendency of decline over time and decrease to almost zero within 360 s. And the value of SOC only reduced about 1.4% during this time; thus it can be ignored in practical application. Consider
In terms of SOC steady-state error, conditions like different capacity, different charge, or discharge current rates are discussed, respectively.
(1) A Li(NiCoMn)O 2 battery with the capacity of 8.88 Ah is used for analysis. According to the parameter identification results for this cell, taking SOC as 55% as an example, total internal resistance equals 25 milliohms, the slope of the OCV-SOC line is 0.5, and intercept is 3.62; the value of current is 1/3 C; observer coefficient is taken to be 10 according to the simulation. Considering the error caused by Δ alone, since the SOC ranges from 0 to 1, thus SOC maximum value is taken as 1 in this case. The results of 1 , 2 , 3 , 4 with different variable errors are shown in Table 1 : 
(2) A C/LiMn 2 O 4 battery with the capacity of 90 Ah is considered as an example. Like in case one, total internal resistance is 1.5 milliohms when 55% SOC is taken as an example, the slope of the OCV-SOC line is 0.4, and intercept is 3.786; current value is 1/3 C and observer coefficient is taken to be 10 through simulation. The results of 1 , 2 , 3 , 4 with different variable errors are shown in Table 2 .
(3) In terms of the same battery as in case (2), considering the situations with different charge and discharge rates, since only 1 , 2 are affected by the rate of current, we only discuss these two. Comparison results are listed in Table 3 and we can conclude 1 is very small and tends to zero. On the basis of this, SOC steady-state error under DST condition is presented in Figure 3 which only considers the influence of internal resistance error 2 .
Both theoretical analysis and calculation results show that the influencing degree of four impact factors for SOC estimation error is closely related to the battery capacity and charging or discharging current rate. The degree of influence under the same error range ranks as follows: Δ > Δ > Δ total > Δ . However, in a practical situation, when OCV-SOC curve is linearized, error of (the slope of the line) may reach several tens of percent and (the intercept of the line) error reaches one-thousandth over aging. Therefore, the OCV-SOC curve has a great influence on SOC estimation error and the accurate measurement of OCV is very helpful to reduce the estimation error. Besides, the effect degree of total internal resistance error on estimation is following and the error of capacity is affected the least, while as charging and discharging current rates get large, SOC estimation error caused by these two factors will become larger and the impact of total internal resistance error is especially marked. Based on the quantitative calculation and analysis above, we can see it is of profound significance for SOC estimation to improve the accuracy of model parameters.
Battery Pack SOC Estimation
The Proposed SOC Estimation Method for a Battery Pack.
The group SOC estimation method adopted in this paper is listed in Figure 4 . The battery model parameters of each cell are obtained by online identification. SOC of each cell is estimated with PI observer estimation combined ampere hour integration method; then group SOC can be calculated according to the SOC pack model.
Online Update of Battery Model Parameters.
With the increase of actual use time of the battery and the change in temperature of the environment, battery model parameters like the internal resistance and OCV-SOC curve will also change. In practice, if battery model parameters are not updated, it will bring battery model error and lead to SOC estimation error furtherly. To deal with this problem, the recursive least square method will be employed for online battery model parameters identification. Achievement 
Online parameter update of real-time update reduces parameter error and thereby increases the SOC estimation accuracy. Principle of recursive least square method is explained in [17] . For a given system = ⋅ , where denote the output vector and and denote the data matrix and the parameter vector, separately. The implementation process is as follows:
, = + , −1
Formula (13) describes the fundamental circuit relationship of first-order RC battery model. In formulas (14)- (16), is sampling interval, as is very small, so , ≈ , −1 , and resistance and capacity can be deduced by (18) . Besides, traditional piecewise linear function relationship between SOC and OCV cannot be identified online over the whole range of SOC. Moreover, as open circuit voltage keeps strictly monotone increasing relationship with SOC, thus we refer to the new SOC-OCV functional model expressed in formula (19) which is proposed in [18] . Besides, this function model also applies to Li(NiCoMn)O 2 batteries; therefore, it is reasonable to adopt this model for online identification of open circuit curve. Take the SOC definition into formula (20) and assume (0) = 0. Supposing that resistance and capacitance have been obtained through RLS identification and (20) may take formula (19) then coefficient of OCV function may be obtained through recursive least square method. Formula (21) also clarifies the fundamental circuit relationship of first-order RC battery model and formula (22) is the discretization of formula (21). The detailed solution procedure is as formula (22) to formula (25). Consider 
1,
Considering the real situation that the battery gets old but model parameters are not updated timely, simulation results before and after the parameter correction will be presented in following figures to validate the theoretical results. Comparison of two estimation results which only update the OCV-SOC curve but do not change the internal resistance of aged battery under CCCV charging mode at 25 ∘ C is shown in Figure 5 . It can be observed that SOC error with uncorrected, namely, not updated, internal resistance is larger and the maximum error reaches about 6%. However, SOC estimation error is greatly reduced and the maximum error is within 1.5% after parameter correction. On the contrary, Figure 6 presents comparison results for the same battery in which only OCV-SOC curves are amended. Maximum error reduces from 3.5% to 1% and the average error gets smaller. Comparing Figures 5 and 6 , the resistance error has greater impact on SOC estimation precision in this case due to extent of change on battery resistance and OCV caused by aging is different. Simulation validation results at different temperatures can get similar conclusions and all results will not be enumerated here. All these verify the conclusion that accuracy of the model parameters can improve the precision of the SOC estimation.
Validation and Discussions
Hardware-in-Loop Experimental Platform.
The real-time current/voltage acquisition experimental platform is illustrated in Figure 7 . Arbin BTS2000 is the charger to charge/ discharge the battery and the battery is laid in the thermostat to maintain constant temperature. BMS includes current/voltage acquisition board and CAN-TCP conversion card. The computer is a monitor to control the experiments, obtaining voltage/current data from sampling board, and carry out the simulation under MATLAB/Simulink. Sampling frequency of the voltage acquisition board is less than 30 ms, voltage sampling error is less than 10 mV, and current sampling precision is less than 1%. The interface between acquisition board and external communication is CAN buses and CAN-TCP conversion card is added to receive the CAN bus data frame. The S-function module is utilized to call the CAN-TCP conversion card driver program and return current/voltage data to Simulink space. Besides, real-time sync module is used for synchronizing the simulation clock with real-time clock. All modules in platform work together to ensure that the current and voltage data flows into the simulation space and online real-time simulation is achieved eventually.
Experimental Results and Discussions.
We take two series-connected Li(NiCoMn)O 2 batteries with the capacity of 28 Ah as test objects. Considering that online identification results of battery model parameters may lead to relatively larger model error when at lower SOC, which leads to SOC estimation error based on PI observer method increases at low SOC, therefore, PI observer and ampere hour integration method are combined to obtain SOC for a battery pack. Besides, this combination also reduces computation cost to some extent. The transforming SOC value from PI observer to ampere hour integration method can be decided by the practical experience. For battery model, resistance and capacitor parameters can be obtained under a certain SOC. We can get some regular patterns that these battery parameters have fluctuation change under low SOC, and there would be some SOC value that can be defined as transforming SOC value. During discharging of the battery, when estimated SOC value based on PI observer is above 40%, we take the observer estimation value as SOC output; however, as it is below 40%, ampere hour integration value with the initial value of 40% will be regarded as the SOC output. Figures 8 and 9 are SOC estimation results with this method under different temperature, dynamic working conditions, and initial SOC value, respectively. Because the low temperature will have a greater impact on characteristics of batteries, we choose low temperature 10 ∘ C and room temperature 25 ∘ C to do comparison and verification experiments. Figure 8 shows SOC online estimation results under BJDST current conditions at 25 ∘ C and 10 ∘ C, respectively. Figures 8(b) and 8(d) are corresponding error curves. As shown in Figure 8 , maximum estimation error is within 5% and average error is 2%. Besides, SOC error is relatively higher at 10 ∘ C because of low temperature influence. On the whole, this combination method notably increases estimation precision during the whole SOC interval. SOC calculation results with 10% and 30% divergences of SOC initial value between two cells are described in Figures 9(a) and 9(c) separately. Figures 9(b) and 9(d) are also corresponding error curves. It is noted that this combination method proposed in the paper is also applicable to the case with inconsistencies between the cells in a battery pack. Additionally, the precision is within 3%; thus this method is reliable.
Conclusions
Recognizing that SOC estimation is affected by battery model parameters, temperature, operation conditions, and cell inconsistency, the estimation error sensitivity for model parameters is firstly qualified and analyzed, concluding that the SOC estimation error resulting from the internal resistance inaccuracy will be enlarged as charge/discharge current increase; the effect of polarization capacity on SOC estimation can be neglected since it is involved with transient error, and the SOC-OCV mapping is the most crucial function in SOC estimation. The SOC estimation method for a lithium-ion battery pack taking error sensitivity analysis and cell inconsistency into consideration is developed, and the recursive parameters update method is also presented. Using the hardware-in-loop simulation platform, the experimental results at various dynamic test conditions, temperatures, and initial SOC difference between two cells demonstrate that the estimation error can be controlled within 4%, verifying the efficacy of the proposed method.
